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Abstract 
This paper describes the response surface methodology (RSM) and artificial neural network (ANN) based mathematical 
modeling for average cutting speed of SiCp/6061 Al metal matrix composite (MMC) during wire electric discharge machining 
(WEDM). Four WEDM parameters namely servo voltage (SV), pulse-on time (TON), pulse-off time (TOFF) and wire feed rate 
(WF) were chosen as machining process parameters. A back propagation neural network was developed to establish the process 
model. The performance of the developed ANN models were compared with the RSM mathematical models of average cutting 
speed. The comparison clearly indicates that the ANN models provide more accurate prediction compared to the RSM models. 
Combined effect of input process parameters on average cutting speed shows that voltage is more significant parameter on 
avergae cutting speed than pulse-off time and wire feed rate. 
© 2013 The Authors. Published by Elsevier Ltd. 
Selection and peer-review under responsibility of the organizing and review committee of IConDM 2013. 
Keywords: Response Surface Methodology; Artificial Neural Network; Wire Electric Discharge Machining, Metal Matrix Composite. 
1. Introduction 
    Concerning industrial applications, MMCs now have a proven record of accomplishment as successful high-
technology materials due to the properties such as high strength-to-weight ratio, high toughness, lower value of 
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coefficient of thermal expansion, good wear resistance, and capability of operating at elevated temperatures [1]. 
MMCs are fabricated using several processes such as casting, forging and extrusion. However, cutting and 
finishing operations of MMCs are not well understood. The use of traditional machining processes to machine hard 
composite materials causes serious tool wear due to abrasive nature of reinforcing particles thus shortening tool life 
[2]. Although, nontraditional machining techniques such as water jet machining (WJM) and laser beam machining 
(LBM) can be used but the machining equipment is expensive, height of the workpiece is a constraint, and surface 
finish obtained is not good [3]. On the other hand, some techniques such as electric discharge machining (EDM) 
and wire electric discharge machining (WEDM) are quite successful for machining of MMCs. According to Patil 
and Brahmankar during WEDM an accurate and efficient machining operation without compromising machining 
performance is achievable [4]. Effective and economical WEDM of MMCs will open new areas of applications for 
MMCs. There is very little work published on combined approach of ANN and RSM modeling of process 
parameters on the performance of WEDM during machining of SiCp/6061 Al MMCs. The most important 
performance measure in WEDM is average cutting speed. Extensive experimental work is therefore needed to 
analyze and optimize the process parameters to understand their effect on product quality. Response surface 
methodology (RSM) is one emerging technique, which helps in carrying out the analysis of experiments with the 
least experimental effort [5]. An artificial neural network (ANN) approach is an effective tool to predict process 
parameters; it can generate the outputs for a set of inputs that are within the range of the original inputs during the 
training phase [6]. The current investigation aims at investigating the suitability of average cutting speed predictive 
models based on RSM and ANN during WEDM of SiCp/6061 Al MMC. The models of average cutting speed were 
developed with the  servo voltage (SV), pulse-on time (TON), pulse-off time (TOFF) and wire feed rate (WF) as the 
WEDM process parameters. The input-output data required to develop both RSM and ANN models have been 
obtained through Box-Behnken design (BBD) of experiments. 
2. Materials and method 
    The experiments were conducted on the ECOCUT WEDM Machine from Electronica India Pvt Ltd. 6061 
aluminum based MMC, made by stir casting having 10% SiC particles (by weight) as reinforcement were used as 
the workpieces. The workpieces were of rectangular shape having a thickness of 6 mm. Table 1 shows the 
chemical compositions of the matrix of the MMC used in this study. The deionized water was used as dielectric. 
The dielectric temperature was kept at 20ºC. A diffused brass wire of 0.25 mm diameter was used as the cutting 
tool. The four input parameters namely servo voltage (SV), pulse-on time (TON), pulse-off time (TOFF) and wire 
feed rate (WF) were chosen as variables to study their effect on the quality of cut in SiCp/6061 aluminum MMC 
[7]. The ranges of these parameters were selected based on literature survey, machining capability and preliminary 
experiments conducted by using one-variable-at-a-time approach [8]. The response parameter in the present study 
was average cutting speed. 
     Table 1. Chemical composition of Al 6061 alloy 
Elements                  Compositions (wt%)               
Si 0.4-0.8 
Fe 0.7 max 
Cu 0.15-0.40 
Mn 0.15 max 
Mg 0.8-1.2 
Cr 0.04-0.35 
Zn 0.25 max 
Ti 0.15 max 
Other elements 0.15 total, 0.05 max each 
Al REM 
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3. Response surface methodology for average cutting speed 
    Response surface methodology (RSM) approach is the procedure for determining the relationship between 
various process parameters with various machining criteria and exploring the effects of these process parameters 
on the coupled responses. In order to study the effect of WEDM process parameters of SiCp/6061 Al MMC on 
average cutting speed, a second order polynomial response can be fitted into the following equation: 
ൌ Ͳ ൅ ͳ ͳ ൅ ʹ ʹ ൅ ͵ ͵ ൅ Ͷ Ͷ ൅ ͳͳ ͳʹ ൅ ʹʹ ʹʹ ൅ ͵͵ ͵͵ ൅ ͶͶ ͶͶ ൅ ͳʹ ͳ ʹ ൅ ͳ͵ ͳ ͵ ൅ ͳͶ ͳ Ͷ ൅
ʹ͵ ʹ ͵ ൅  ʹͶ ʹ Ͷ ൅ ͵Ͷ ͵ Ͷ(1) 
   Where Y is the response and ͳǡ ʹǡ ͵ and Ͷ are the quantitative variables.
 
ͳǡ ʹǡ ͵and Ͷrepresent the linear 
effects of ͳǡ ʹǡ ͵  and Ͷ respectively, ͳͳ ǡ ʹʹǡ ͵͵ and ͶͶ  represent the quadratic effects of ͳǡ ʹǡ ͵  and Ͷ , 
ͳʹǡ ͳ͵ǡ ͳͶǡ ʹ͵ǡ ʹͶǡ  ͵Ͷ represent linear-by-linear interaction between ͳǡ ʹ , ͳ and ͵  , ͳ and Ͷ 
respectively.  
   These quadratic models work quite well over the entire factor space and regression coefficients were computed 
according to the least-squares procedure [9]. The WEDM process was studied according to the BBD. Levels and 
values for four factors have been given in Table 2. In this investigation, total 29 experiments were conducted. 
Table 2 illustrates the order, combination and design of the experiments based on the coded surfaces and 
experimental results of the desired response surface. The observed data from the set of experiments were used as 
the inputs to train the ANN predictive model.  
Table 2 Levels of process parameters 
Process parameters 
 
          Levels 
-1 0 +1 
Servo Voltage (V) 70 80 90 
Pulse-on time (μs) 1 2 3 
Pulse-off time (μs) 6 8 10 
Wire feed rate (m/min) 5 7 9 
3.1. RSM based predictive models  
     Mathematical model based on RSM for correlating response i.e. average cutting speed with various settings of 
process parameters during WEDM of SiCP/6061 Al MMC have been established, and is represented in the 
following regression equation: 
  ൌ ൅ʹͺǤͷͺ͸͸ʹ ͲǤͶͺͻͳ͹ ͲǤͺʹͶ͵ͺ ͲǤ͹ͻͶͷͲ ൅ ͸ǤͺͲͲͲͲ
ͲǤͲ͵ ൅ ͸ǤͷͲͲͲͲ ͲǤͲͲ͵ ൅ ʹǤʹʹͺ͹ͷ ͲǤͲ͵ ʹ+ 0.017531 ʹ ൅ ͲǤͲʹͲͺ͹ͷ ʹሺʹሻ 
     Where V is voltage (V), TOFF is pulse-off time (μs) and WF is wire feed rate (m/min). Table 3 shows the RSM 
predicted values for average cutting speed for the 29 experimental point.      
3.2. Combined effect of input process parameters on average cutting speed 
     The combined effect of input process parameters on average cutting speed were analyzed on the basis of 
mathematical relationships (as given in equation 2) obtained through experimental results and response surface 
methodology. Fig. 1(a) plots the predicted values of average cutting speed versus voltage and pulse-off time for 
10% SiCp/6061 Al MMC. According to this figure, the combined effect of voltage and pulse-off time is such that 
at lower values of voltage and lower values of pulse-off time an increase in cutting speed is observed. The 
combined effect of voltage and wire feed rate on average cutting speed of 10% SiCp/6061 Al MMC is shown in 
Fig. 1(b). This figure displays that the value of average cutting speed increases with decrease in voltage and 
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decrease in wire feed rate. Table 4 listed the values of average cutting speed for 10% SiCp/6061 Al MMC at 
different levels of voltage, different levels of pulse-off time and different levels of wire feed rate while other input 
parameters are constant at lower level. These values indicate that percentage increase in average cutting speed with 
decrease in voltage is 38.86%, percentage increase in average cutting speed with decrease in pulse-off time is 
16.54% and percentage increase in average cutting speed with decrease in wire feed rate is 6.20%. These results 
show that voltage is more significant parameter on avergae cutting speed than pulse-off time and wire feed rate for 
10% SiCp/6061 Al MMC. 
Table 3 BBD with four parameters and experimental average cutting speed 
Exp. 
No. 
Voltage, 
(V) 
Pulse-on 
time, (μs) 
Pulse-off  
time, (μs) 
Wire feed 
rate, (m/min) 
Average 
cutting speed 
(mm/min) 
1 
2 
3 
4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
0 
-1 
0 
-1 
0 
1 
1 
0 
0 
1 
0 
0 
0 
0 
0 
0 
1 
0 
0 
0 
0 
0 
1 
-1 
-1 
-1 
-1 
1 
0 
1 
0 
0 
0 
-1 
0 
0 
0 
0 
0 
0 
0 
-1 
0 
1 
0 
0 
1 
0 
-1 
0 
-1 
1 
0 
1 
0 
-1 
-1 
1 
0 
0 
1 
1 
-1 
0 
-1 
0 
0 
0 
1 
0 
0 
0 
0 
0 
1 
-1 
-1 
0 
-1 
1 
0 
-1 
0 
0 
0 
0 
1 
-1 
-1 
1 
0 
0 
-1 
0 
0 
0 
1 
-1 
0 
1 
0 
1 
0 
-1 
-1 
1 
-1 
-1 
0 
0 
0 
0 
1 
0 
0 
0 
1.739 
2.316 
1.732 
1.936 
1.582 
1.528 
1.482 
1.637 
1.37 
1.453 
1.694 
1.697 
1.591 
1.438 
1.714 
1.642 
1.414 
1.622 
1.771 
1.753 
1.843 
1.692 
1.402 
2.354 
1.421 
1.578 
1.229 
1.402 
1.811 
Table 4 Predicted values of average cutting speed at varying voltage, varying pulse-off time and varying wire feed rate for 10% SiCp/6061 
Al MMC 
V 
[TON  = 1μs 
TOFF = 6 μs 
WF = 5m/min] 
Average 
cutting speed 
(mm/min) 
TOFF 
[V = 70V 
TON = 1μs 
WF = 5m/min] 
Average 
cutting speed 
(mm/min) 
WF 
[V = 70V 
TON = 1μs 
TOFF = 6 μs] 
Average 
cutting speed 
(mm/min) 
70 V 2.6964 6 μs 2.6964 5 m/min 2.6964 
80 V 1.9411 8 μs 2.3955 7 m/min 2.4086 
90 V 1.6484 10 μs 2.2504 9 m/min 2.529 
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(a)     (b)  
Fig. 1 Surface response for (a) average cutting speed versus voltage and pulse-off time of 10% SiCp/6061 Al  (b) average cutting speed versus 
voltage and wire feed rate of 10% SiCp/6061 Al MMC 
4. Development of ANN model for prediction of average cutting speed     
An artificial neural network is an information-processing system that has certain performance characteristics in 
common with biological neural networks. Generally, an ANN is made up of some neurons connected together via 
links. Among various neural network models, the feed forward neural network based on back-propagation is the 
best general-purpose model. The network has four inputs of servo voltage (SV), pulse-on time (TON), pulse-off time 
(TOFF), wire feed rate (WF) and one output of average cutting speed. The training of the ANN for 29 input-output 
patterns has been carried out using the Neural Network Toolbox available in MATLAB software package. The 
network consists of one input layer, one hidden layer and one output layer. Hidden layer have fifteen neurons, 
where as input and output layer have four and one neurons respectively. To train each network, an equal learning 
rate (
was selected as a hyperbolic tangent, and the error goal (mean square error, MSE) value was set at 0.0001, which 
means the training epochs are continued until the MSE fell below this value. To calculate connection weights, a set 
of desired network output values is needed.  Desired output values referred as training dataset, obtained with the 
help of design of experiments (DOE). Average cutting speed values corresponding to training data were obtained 
from experimental runs generated by BBD based on RSM. The data set generated by BBD is shown in Table 3. 
4.1. ANN based results 
Training of the neural network model was performed on 29 experimental data points as explained in above section. 
Table 5 shows ANN predicted values for the average cutting speed for the 29 training set. 
5.   Comparison of the RSM and ANN models  
 The RSM and ANN average cutting speed predictive models so developed were compared on the basis of their 
prediction accuracy. 
5.1 Prediction accuracy 
The RSM and ANN models were tested with 29 data sets of BBD of experiments. For each input combination, 
the predicted values of average cutting speed were compared with the respective experimental values and the 
absolute percentage error is computed as follows: 
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                                              % Absolute error = ǡ ǡǡ  * 100                                                           (3) 
Table 5 List of ANN predictions and RSM predictions with experimental dataset 
Test 
number 
Average cutting speed (mm/min)  
Experimental 
results 
ANN 
prediction 
RSM 
prediction 
1 
2 
3 
4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
1.739 
2.316 
1.732 
1.936 
1.582 
1.528 
1.482 
1.637 
1.37 
1.453 
1.694 
1.697 
1.591 
1.438 
1.714 
1.642 
1.414 
1.622 
1.771 
1.753 
1.843 
1.692 
1.402 
2.354 
1.421 
1.578 
1.229 
1.402 
1.811 
1.778 
2.296 
1.816 
2.140 
1.713 
1.501 
1.573 
1.783 
1.783 
1.694 
1.958 
1.783 
1.982 
1.783 
1.824 
1.783 
1.812 
1.823 
1.769 
1.729 
1.671 
1.695 
1.429 
1.677 
2.382 
2.041 
2.068 
1.641 
1.785 
1.764 
2.393 
1.946 
2.165 
1.787 
1.532 
1.497 
1.649 
1.649 
1.833 
1.946 
1.649 
1.769 
1.649 
1.881 
1.649 
1.748 
1.826 
1.804 
1.752 
1.838 
1.721 
1.584 
2.458 
2.357 
2.244 
2.166 
1.668 
1.873 
    Where Yj,expt is the experimental value and Yj,pred is the predictive value of the response for the jth trail by the 
RSM and ANN models. Fig. 2 illustrate the comparision of error profile for average cutting speed, for the 29 data 
set of the training patterns.  
   The maximum absolute precentage error in the ANN prediction of average cutting speed was found to be around 
of 5.25%, while for the RSM model, it was around 15.07% thus it can be concluded that the ANN predictics more 
accurately than the RSM model. 
   In order to test the interpolation of the prediction from the developed models, experimetnal average cutting speed 
values were compared with the average cutting speed predicted values of the ANN and RSM models. This 
comparison is shown in Fig. 3. It is observed from this figure that the prediction of average cutting speed from 
both models closely agree with that of experimental values.  
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Fig. 2 Comparison of error profile for average cutting speed 
 
Fig. 3 Comparison of RSM and ANN predictions with the experimental values of average cutting speed 
     Fig. 4 represents the comparison of the correlation between the experimental values and the predicted values of 
RSM and ANN model for average cutting speed. The R values of RSM based model and ANN based model are 
0.918 and 0.977 respectively. According to the R values prediction accuracy of the ANN model is higher compared 
to RSM model. 
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(a)     (b)  
Fig. 4. Correlation coefficient for average cutting speed (a) RSM (b) ANN 
6. Conclusions 
    In the present work ANN and RSM methodologies were compared based on prediction accuracy for average 
cutting speed during WEDM of SiCp/6061 Al MMC. ANN model showed better accuracy than RSM model. The 
prediction accuracy of ANN model was about three times better than RSM. The maximum absolute percentage 
error in the ANN prediction of MRR was found to be around of 5.25%, while for the RSM model, it was around 
15.07%. On the basis of correlation cofficient the prediction accuracy of ANN model is higher than RSM model. 
Effect of input process parameters shows that voltage is more significant parameter on avergae cutting speed than 
pulse-off time and wire feed rate for 10% SiCp/6061 Al MMC. 
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